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ABSTRACT

Pseudo label-based frameworks have emerged as a dominant paradigm in self-supervised stereo matching. How-
ever, existing methods typically rely on a unilateral filtering strategy based solely on teacher disparity confidence,
thereby inevitably introducing label noise and redundancy. We attribute this limitation to the dependency of dis-
parity confidence estimators on intermediate stereo matching data structures, which renders teacher and student
confidence values numerically inconsistent and incomparable. To address this, we propose Disparity Arbiter (Dis-
pArbiter), a framework that explicitly mines pseudo labels with awareness of student deficiencies. DispArbiter
comprises a Disparity-Depth Consistency Network that learns from local disparity error ordinal rankings and
estimates confidence independently of intermediate stereo matching data, and a conflict arbitration framework
that employs a sparse embedding strategy to ensure numerical consistency between confidence scores across
disparity maps. DispArbiter enables a direct comparison between teacher and student confidence, facilitating
pseudo label generation from even low-quality teacher disparities specifically where the student underperforms.
We conduct experiments under two settings: (1) By solving disparity conflicts between supervised methods and
enhancing student results with pseudo labels mined from low-quality teacher data, DispArbiter ranks 1st on the
KITTI benchmark. (2) Together with a sparsified decisive disparity diffusion method for generating sparse yet
reliable teacher disparities, DispArbiter leads to state-of-the-art (S0TA) stereo matching accuracy on the Middle-
bury benchmark among self-supervised methods. Our source code is available at mias.group/DispArbiter.

1. Introduction

gained prominence by effectively preserving the prior knowledge of pre-
trained networks.

Metric depth perception is fundamental to autonomous driving,
robotics, and augmented reality [1-3]. Among existing approaches,
stereo matching—a process analogous to human binocular vision—
has emerged as a widely adopted solution for its cost-effectiveness
[4,5]. Self-supervised stereo matching learning frameworks primar-
ily utilize either photometric consistency or pseudo labels. While
photometric methods have been proven to yield erroneous super-
vision in areas with stereo ambiguities (e.g., repetitive patterns
and texture-less regions) [6-8], pseudo label-based approaches have

* Corresponding author.

Pseudo label-based methods typically select predictions from a
teacher network as pseudo disparity labels to supervise a student net-
work. While substantial effort has been devoted to elaborating teacher
training strategies [9], the subsequent pseudo label generation frame-
works remain coarse. In addition to the conventional left-right disparity
consistency check (LRDCC) [8], recent works introduce additional con-
fidence modules that compute only teacher disparity confidence and
subsequently apply it to a binary filtering process with a threshold hy-
perparameter to eliminate erroneous pseudo labels [10-12].
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Fig. 1. Comparison of the conventional unilateral binary filtering strategy and our
generates pseudo labels exclusively in areas where the student exhibits deficiencies.

However, such a unilateral strategy that focuses exclusively on
teacher disparity confidence inevitably introduces label noise, includ-
ing redundant labels where the student provides similar estimations,
and even erroneous labels where the student yields more accurate dis-
parities. Furthermore, given that strictly aligning disparity confidence
with the actual error distribution remains intractable [13], teacher dis-
parities exceeding the threshold are not inherently reliable, whereas
those excluded may still possess potential training value [14]. There-
fore, we are motivated to develop a bilateral strategy that jointly con-
siders both teacher and student confidence, mining informative teacher
disparities exclusively in areas where the student exhibits deficiencies,
as illustrated in Fig. 1(a).

The restriction of existing pseudo label-based approaches to this uni-
lateral strategy stems from the dependence of their confidence estima-
tion methods on white-box stereo matching [15], where intermediate
data structures, such as cost volumes, are accessible [13]. While these
internal data provide additional matching cues, the confidence estima-
tion process is tightly coupled with the specific disparity inference pro-
cess, and the output values are sensitive to the network weights. How-
ever, because the teacher and student generally possess distinct weights
and even network architectures, their confidence outputs lack numerical
consistency, rendering them invalid for direct comparison. Therefore,
realizing a bilateral strategy necessitates: (1) performing confidence es-
timation independently of intermediate stereo data, and (2) ensuring nu-
merical consistency between teacher and student disparity confidence.

To this end, we propose the Disparity Arbiter (DispArbiter), a frame-
work for explicitly mining pseudo disparity labels with awareness
of student deficiencies. DispArbiter comprises the Disparity-Depth
Consistency Network (DDCN), a plug-and-play confidence estimator,
and the Conflict Arbitration Framework (CAF), a simple yet effective ar-
bitration mechanism. Specifically, DDCN estimates disparity confidence
by evaluating the local pattern similarity between the disparity and rel-
ative depth maps. This independence from intermediate stereo data en-
ables deployment on black-box stereo matching [16]. Additionally, a
novel Local Error Ranking (LER) loss is proposed to learn the confidence
estimation based on the disparity error ordinal rankings from neighbor-
ing pixels. Complementarily, CAF employs a sparse embedding strategy
that estimates the confidence of conflicting teacher disparities from the
student’s local patterns to enhance numerical consistency. This enables
direct comparison between teacher and student disparity confidence,
thereby selectively mining pseudo labels where student disparities ex-
hibit discrepancies, as illustrated in Fig. 1(b).

We conduct experiments under two challenging settings to under-
score the generalizability of DispArbiter in terms of student deficiency
awareness: (1) By resolving conflicts between supervised stereo match-
ing models with SoTA disparity accuracy, DispArbiter yields even more
accurate disparities and ranks 1st on the KITTI stereo benchmark.
To the best of our knowledge, we present the first attempt to explicitly
improve highly accurate disparity maps using less accurate ones. (2)
With sparse teacher disparities derived from extremely noisy cost vol-
umes using a sparsified Decisive Disparity Diffusion Stereo (D3Stereo),
self-supervised learning with pseudo labels obtained from DispArbiter

(b)

DispArbiter. By jointly evaluating teacher and student confidence, DispArbiter

yields state-of-the-art (SoTA) accuracy on the Middlebury dataset
among all self-supervised methods. It is noteworthy that although
the outputs of DispArbiter are termed pseudo labels, the framework is
essentially an accuracy discriminator between any two given disparity
maps.

2. Related work
2.1. Disparity confidence estimation

Standard confidence estimation methods predominantly rely on data
related to the stereo pipeline, including stereo images, matching cost
volumes, and estimated disparities. Peak Ratio Naive [17] and Maxi-
mum Margin [18] use cost volumes as the source of confidence infor-
mation and estimate confidence based on the difference or ratio between
cost minima. Confidence Convolutional Neural Network (CNN) [19] in-
troduces CNN into this research domain for the first time and estimates
disparity confidence from small patches of the disparity map. Local-
Global Confidence (LGC) network [20] leverages a U-Net architecture
[21] and estimates disparity confidence from both the image and dis-
parity map. Out-of-The-Box (OTB) [15] imposes a uniqueness constraint
by requiring a reliable disparity to establish exclusive correspondence
in the reference view.

Recent works exhibit a growing trend toward leveraging intermedi-
ate stereo matching data. Mehltretter et al. [22] propose to predict both
epistemic and aleatoric disparity confidence based on a Cost Volume
Analysis Network (CVA-Net) [23]. SEDNet [13] extracts information
from the intermediate multi-resolution disparity maps and introduces
a differentiable soft-histogramming technique to approximate the dis-
tributions of confidence and disparity errors. Lee et al. [24] propose an
alternative to the cost volume that is compatible with black-box stereo
matching. Specifically, a sequence of shifted right images derived by
disparity plane sweep is fed into a stereo matching network, and the
derived sequence of disparity maps is then stacked into a 3D volume for
confidence estimation. However, the heavy computational burden im-
posed by the multiple inference processes renders this strategy computa-
tionally prohibitive. Impressively, our previous work DDCV [25] first in-
troduces relative depth maps as a black-box-compatible input modality
and subsequently estimates disparity confidence by checking local co-
herence consistency between disparities and relative depths via several
explicit rules. Building upon this concept, we propose DDCN, a learning-
based evolution that processes raw disparity and relative depth maps via
a siamese network architecture. Moreover, we introduce a novel local
error ranking loss specifically designed to learn the local disparity error
orders.

2.2. Self-supervised stereo matching

Disparity confidence modules have been increasingly integrated
into both photometric consistency-based and pseudo label-based frame-
works. In the former category, PASMNet [26] simultaneously regresses
confidence and disparity from cost volumes to guide the subsequent
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Fig. 2. An illustration of our proposed DispArbiter and LER loss. Correspondences between p and g, q,, generate zero loss items ¢(p, q;) and ¢(p, g,,) in LER loss.

DispArbiter, particularly the pre-trained DDCN, is frozen throughout the self-supervi

bilinear upsampling refinement. CRD-Fusion [10] combines the Zero-
mean Sum of Absolute Difference [27] and Mean Disparity Deviation
[28] to generate disparity confidence from both stereo images and raw
disparities. The resulting confidence map is then employed to guide an
iterative disparity fusion process.

Regarding pseudo label-based frameworks, Semi-Stereo [29] derives
confidence from the entropy of disparity distribution within the match-
ing cost volumes, while UCFNet [12] defines pixel-level uncertainty to
quantify the multi-modality of the distribution. UnDAF [30] estimates
confidence simultaneously with disparity using a single network. De-
spite these diverse strategies, all these approaches rely on a binary fil-
tering strategy that uses a fixed threshold to filter pseudo labels [14].
Recent methods including DualNet [8] and S3 [31] leverage data aug-
mentation to differentiate inputs between teacher and student models
and thereby enhance the teacher disparity accuracy relative to the stu-
dent. Afterwards, LRDCC is deployed on the teacher disparities to gen-
erate pseudo labels. In this process, LRDCC is also formulated as a con-
fidence estimation process that assigns binarized confidence to teacher
disparities. In contrast, our DispArbiter is the first approach to jointly
evaluate teacher and student confidence, generating robust pseudo la-
bels that account for student deficiencies.

3. Methodology

As illustrated in Fig. 2, the proposed DispArbiter framework com-
prises DDCN and CAF. DDCN serves as the cornerstone of DispArbiter
for its compatibility with black-box stereo matching. Section 3.1 first de-
tails the DDCN architecture and the associated LER loss function. Subse-
quently, Section 3.2 introduces CAF, which employs a sparse embedding
strategy to enforce numerical consistency between confidence scores. Fi-
nally, Section 3.3 describes the generation of teacher disparities across
two experimental settings and highlights a sparsified D3Stereo algo-
rithm that derives sparse yet accurate teacher disparities from noisy cost
volumes. In all experiments, monocular relative depth maps are gener-
ated using the Depth Anything 3 model [32].

sed training process of the stereo matching network.

3.1. Disparity-depth consistency network

3.1.1. DDCN architecture

Recent monocular depth estimation Transformers [33] have been
proven to provide robust and accurate local geometric priors. Build-
ing upon this, we propose DDCN under the assumption that reliable
disparity estimations exhibit local structural consistency with their cor-
responding relative depths [25]. As illustrated in Fig. 2, DDCN quan-
tifies disparity confidence by evaluating the similarity between local
patterns [34] of the disparity map and relative depth map. Specifically,
local patterns of the disparity map D and the relative depth map Z
are first encoded into local pattern volumes ¥V, = {AD,|q € N,} and
V,= {Azmlq € J\/'p}, respectively, where ADM = D(p) — D(q) and
NZ s = Z(p) — Z(q) denote the local disparity and relative depth vari-
ations, N, = {qy. ..., q,,} is the neighborhood system around pixel p and
is constructed using a dilated sampling window. This dilated strategy ef-
fectively enlarges the receptive field, capturing broader spatial context
at minimal computational cost. Before entering the confidence estima-
tion network, we first align the scales between the disparity and relative
depth local patterns with an element-wise scale alignment function .A(-)
as follows:

ZpED quNp | A qu
ZpEZ ZqENp | A qu

Subsequently, both the local disparity and relative depth pattern vol-
umes undergo processing through an element-wise sign-preserving ac-
tivation function F(-) to mitigate excessive variations at depth disconti-
nuities, as formulated below:

FWV)=sgn(V)olog(l +|V]),

AV )=V, @

(2)

where the sgn(-) operation preserves the signs of the disparity and rel-
ative depth variations, and ® represents the element-wise Hadamard
product between two matrices. The two volumes are then normalized
by dividing each by the standard deviation of its absolute values. After-
wards, the processed volumes are passed through fully connected (FC)
layers to extract local structural representations. To derive the final con-
fidence scores, these representations are integrated via group-wise cor-
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relation (GWC) [35], followed by a regression FC layer. By partitioning
channels into compact groups, GWC effectively captures cross-modal
similarities between disparity and depth while maintaining the seman-
tic integrity of the features.

3.1.2. Local error ranking loss

In the absence of ground-truth labels for disparity confidence, SED-
Net [13] models the ground-truth confidence by aligning the global dis-
tributions of confidence and disparity errors via a Kullback-Leibler (KL)
divergence loss. However, this global objective is ill-suited for DDCN,
as it focuses on local patterns and lacks the global context necessary for
matching global distributions. Instead, we propose the LER loss L;gg,
which extends the local ranking concept [25] into confidence estima-
tion by learning the ordinal rankings of disparity errors from neighbor-
ing pixels. Specifically, £;zg penalizes neighboring confidence pairs that
exhibit ordinal inconsistency with their corresponding disparity errors.
By enforcing this ordinal ranking consistency, the LER loss provides su-
pervision compatible with the local patch-based architecture of DDCN.
The loss term ¢(p, q) between pixel p and one of its neighboring pixels
q € N, is defined as follows:

dp.q)=|1- G)(AEM x Acpq)l X a’(Aqu) X V(ACM)’ 3

where AE,, = E(p) — E(q) and AC,, = C(p) — C(q) represent the dis-
parity error and confidence variations, respectively. Here, ®(x) repre-
sents a step function:

O(x) = {1’ x>0 @)

0, otherwise,

and the term |1 - ©(AE pg X yaN o o) identifies ordinal violations where
the confidence variation is inconsistent in sign with the corresponding
error variation, as illustrated in Fig. 2. The weighting function is defined
as follows:

| A E,l
o(AE,,)= —————, 5)
( Pfl) 1+ | A qul
assigns large penalties to pixel correspondences with significant error
discrepancies while providing saturated gradients for extreme outliers
at depth discontinuities. Similarly, the value term:

"(Acpq) :10g(1+|ACM|)’ ©

moderates excessive confidence variations while retaining sensitivity to
fine-grained ranking differences. Finally, the LER loss is formulated as
follows:

ZPEIL qu]\fp o(p, q)
ZpEIL quﬁfp - G(Aqu X ACpq)l ’

where I, is the left stereo image. By establishing dense correspondences
within local neighborhoods, the LER loss matches the local distributions
by ensuring that the predicted disparity confidence aligns precisely with
the ordinal ranking of disparity errors, with smaller output values indi-
cating higher confidence.

)

L LER =

3.2. Conflict Arbitration Framework

Exploiting the capability of DDCN in estimating disparity confidence
from local patterns, our proposed CAF introduces a sparse embedding
strategy (SES) to assess the confidence of teacher disparities within stu-
dent disparity local patterns. By unifying the estimation context, this
strategy substantially promotes numerical consistency between the re-
sulting teacher and student confidence scores, rendering them directly
comparable, as visualized in Fig. 2. Under this aligned metric, higher
confidence scores for each conflicting disparity correspondence reliably
signify smaller disparity errors.

Acknowledging that similar teacher and student disparities offer lim-
ited learning value and struggle to yield discriminative confidence esti-
mates, CAF exclusively selects conflicting teacher disparities that exhibit

considerable deviation from the student predictions as pseudo label can-
didates. Given teacher disparity map DT and student disparity map DS,
the conflicting disparities D are first derived from DT as follows:

Dc=D"01(|DT - D3| > 1), ®

where 7 is a manually set threshold to identify conflicting disparities,
and 1(-) is an indicator function that retains these conflicting disparities
while masking all other positions to zero.

Subsequently, those sparse conflicting disparities are embedded into
the student disparity map to generate a mixed disparity map DM. DDCN
is then employed to predict the confidence maps CM and CS for the
mixed and original student disparity maps, respectively. Note that a
larger 7 reduces the number of conflicting candidates, thereby better
preserving the student’s local patterns in DM while risking the omission
of potentially useful teacher proposals. Finally, we arbitrate the con-
flicting disparities by directly comparing CS and CM, yielding the final
pseudo disparity labels D p as follows:

Dp=DcO1(CM-C%>y-p), )

where g = std(C®) serves as an adaptive scaling factor derived from the
confidence distribution, and y is a hyperparameter that balances the
quantity and accuracy of the retained pseudo labels.

3.3. Pseudo label mining

The elimination of grossly inaccurate conflicting teacher disparities
prior to their input into DispArbiter further helps prevent distortion of
the student’s local patterns.

3.3.1. Supervised stereo matching conflict arbitration

When arbitrating disparity conflicts between two supervised stereo
matching methods, we designate the less accurate method as the teacher
and the more accurate one as the student. Prior to DispArbiter, LRDCC
is employed to prune gross outliers from the teacher disparities. The
pseudo labels D, mined from the low-quality teacher results are then
substituted into the student disparity DS to yield an enhanced map D®
as the output of DispArbiter.

3.3.2. Self-supervised stereo matching

In the self-supervised learning of this work, we also propose a spar-
sified D3Stereo method designed to mine sparse yet reliable teacher dis-
parities. Given explicit matching cost volumes, the original D3Stereo
iteratively propagates disparity search ranges from several decisive dis-
parities to their neighbors. For each pixel, D3Stereo retrieves the dispar-
ity corresponding to the lowest local cost minimum within the assigned
search range. These new estimates are subsequently used to propagate
disparity search ranges in the next iteration until no further decisive
disparities are produced. Although effective for densification, this un-
constrained diffusion process accumulates stereo matching errors, par-
ticularly at depth discontinuities.

Our sparsified version introduces two additional constraints to im-
prove accuracy. First, with depth discontinuities identified using an
adaptive threshold ¢, defined as follows:

p ZpEIL quj\/p | A qu| 10
© T Zper, Zoew, | A DS

disparity diffusion is prevented between correspondences whose depth
variations exceed t,. Second, we introduce a sparsification strategy,
termed Extremum Gating, to prevent the generation and accumulation
of erroneous decisive disparities. Specifically, we keep track of the mini-
mum matching cost found thus far for each pixel. This strategy gates the
disparity estimation process by accepting a new disparity as a decisive
disparity only if its corresponding matching cost is a local minimum
and falls below the recorded minimum. Moreover, while the original
D3Stereo relies on nearest-neighbor search on low-resolution feature
maps for decisive disparity initialization, this work directly initializes
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Fig. 3. Experimental results of hyperparameter selection in DispArbiter in terms of the conflicting disparity threshold = and the ratio hyperparameter y in the CAF.

Table 1

Ablation studies of the local pattern volume
alignment function, activation function, and loss
functions. Input disparity maps are generated by
our Self-DispArbiter.

A()  F() Ly (ours) Ly [131  AUC
v v v 0.90
v v 1.12

v v 0.93
v v v 0.95
v v 1.16

v v 1.02

them from student disparities via LRDCC. Finally, we feed the dispari-
ties from our sparsified D3Stereo and student network into DispArbiter
as teacher and student disparities, respectively. The resulting pseudo
disparity labels are then used to supervise the self-supervised training
of the student network.

4. Experiments
4.1. Implementation details

In this work, we select our previous work ViTAStereo [36] as the
student network and formulate our self-supervised framework as Self-
DispArbiter. ViTAStereo is able to perform stereo matching using a
frozen pretrained Depth Anything 3 [32] model. Therefore, relative
depth maps are accessed efficiently by deploying a separate dense
prediction Transformer [37] head. During the self-supervised training
process of ViTAStereo, the weights of both the DDCN and the Depth
Anything 3 model are frozen, with only the disparity decoder and a
lightweight feature adapter within ViTAStereo trainable. During dispar-
ity inference, relative depth and disparity confidence estimation are not
required.

Self-DispArbiter and DDCN are pre-trained on the synthetic Scene-
Flow dataset [38] and evaluated on the real-world KITTI Stereo 2012
[391, 2015 [40], and Middlebury [41] datasets. Unless otherwise speci-
fied, experiments are conducted on the Middlebury training set because
of its high-quality disparity ground truth and complex environments. To
demonstrate the ability of our sparsified D3Stereo to generate reliable
teacher disparities, we generate low-quality matching cost volumes as
input using MCCNN [42]. All experiments are conducted on an NVIDIA
RTX 4090 GPU.

4.2. Hyperparameter selection in DispArbiter

We first investigate the selection of the conflicting disparity thresh-
old r and the ratio hyperparameter y in the CAF by alternatively em-
ploying IGEVStereo and CreStereo as the teacher and student networks.
Fig. 3 illustrates the end-point error (EPE, denoted by ¢, in px) im-
provements of the enhanced disparities D over the student dispari-

ties DS. These improvements are evaluated at pseudo label locations
(ANep = 5?, - 2%,) and across all pixels (Ae = €5 — ¢E). We also report
the proportion of retained pseudo labels, denoted by «p (in %).

As observed, all configurations yield a positive /\¢p, indicating su-
perior accuracy of pseudo labels over the corresponding student dis-
parities. Furthermore, increasing both z and y leads to larger improve-
ments in pseudo label accuracy A\ep but lower pseudo label densities
kp. The maximum overall accuracy improvement /e occurs at 7 = 0.5
and y = 0. To strike a balance between pseudo label accuracy and den-
sity, we set 7 = 3 and y = 1 without manual tuning for all subsequent
experiments.

4.3. Ablation study and cross validation

We first conduct ablation studies on our local pattern volume align-
ment function A(-) in (1) and activation function 7(-) in (2), and com-
pare L;gg with the global distribution loss L used in SEDNet [13]. We
generate the density-EPE receiver operating characteristic (ROC) curves
and then use the area under the curve (AUC) [25] to evaluate the dispar-
ity confidence estimation accuracy. The quantitative results in Table 1
show that our £;pg reduces the AUC by 3.4% to 5.3% compared with
Lgp- Removing A(-) and F(-) leads to an increase in AUC by 3.3% to
7.4% and 13.3% to 22.1%, respectively. By mitigating excessive varia-
tions at depth discontinuities, our 7(-) helps preserve local patterns in
the subsequent normalization process, thereby enabling more accurate
disparity confidence estimation.

We also evaluate our proposed SES through cross-validation experi-
ments using IGEVStereo [44], CreStereo [43], and our Self-DispArbiter.
The quantitative results in Table 2 show that DispArbiter exhibits ro-
bust pseudo label mining capability, particularly when provided with
comparable or slightly poorer teacher disparities. This is further sup-
ported by the qualitative results in Fig. 4. These findings also under-
score the significance of our sparsified D3Stereo in generating sparse
yet highly accurate teacher disparities from low-quality matching costs.
Furthermore, SES leads to a favorable and stable trade-off, discarding
an acceptable proportion of pseudo labels (less than 7.2%) to secure a
significant improvement in accuracy (up to 9.8%). This accuracy im-
provement is particularly pronounced when mining pseudo labels from
the less accurate teacher disparities generated by Self-DispArbiter.

Finally, we evaluate different ViT-Large Depth Anything models for
relative depth generation in DDCN. The quantitative results presented in
Table 4 show that relative depth maps from Depth Anything 3 [32] lead
to more accurate disparity confidence than those from Depth Anything
V2 [33]. Different Depth Anything 3 variants achieve comparable per-
formance. Consequently, we adopt the relative depth maps generated
by the MONO-LARGE Depth Anything 3 model in this work.

4.4. Comparison with SoTA

4.4.1. Conflict Arbitration between supervised methods
To explore the performance upper bound of DispArbiter, we mine
pseudo labels for the recent SOTA method, Monster + + [46], using its
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Fig. 5. Failures of DispArbiter while mining pseudo disparity labels from Monster [45] to Monster + + [46] in mesh regions on the KITTI Stereo 2015 benchmark.

Table 2
Ablation studies and cross-validation results for the sparse embedding strategy.

Student Self-DispArbiter (¢ = 1.81) CreStereo (e = 0.83) IGEVStereo (¢ = 0.74)
Teacher w/o SES w/ SES w/o SES w/ SES w/0 SES w/ SES

Nep  kp Nep Kp Nep Kp Nep  kp Nep Kp Nep Kp

Self-DispArbiter (¢ = 1.81) - - - - —-0.08 0.20 0.11 0.19 —-3.38 0.17 -3.05 0.16
CreStereo [43] (e = 0.83) 11.5 1.30 11.6 1.24 - - - - 3.44 0.05 3.45 0.05
IGEVStereo [44] (¢ = 0.74) 12.5 1.38 12.61 1.28 7.94 0.16 8.04 0.15 - - - -

Table 3
Pseudo disparity label mining from Monster [45] to Monster + + [46].
Middlebury KITTI Stereo 2012 KITTI Stereo 2015
Method ) X ) ) ) )
ALL Pixels Noc Pixels All Pixels Noc Pixels All Pixels Noc Pixels
Bad2.0 Bad4.0 Bad2.0 Bad4.0 Out-2 Out-3 Out2 Out-3 Dl-bg D1-fg Dl-all Dl-bg D1-fg Dl-all
Monster [45] 6.14 - 2.64 - 1.75 1.09 1.36 0.84 1.13 - 1.41 1.05 - 1.33
Monster++ [46] 6.40 3.52 2.60 1.18 1.70 1.07 1.30 0.79 1.12 2.65 1.37 1.02 2.67 1.29
DispArbiter (Ours) 6.38 3.50 2.57 1.17 1.69 1.06 1.29 0.78 1.10 2.69 1.37 1.00 2.70 1.28
Table 4
Ablation studies on Depth Anything models for generating relative depth maps in DDCN.
Dataset Depth Anything 3 Depth Anything V2 Optimal
MONO-LARGE METRIC-LARGE LARGE LARGE-1.1 LARGE
Middlebury 0.90 0.89 0.91 0.92 0.92 0.30
KITTI 0.49 0.50 0.49 0.50 0.52 0.21
Table 5
Comparisons with SoTA self-supervised stereo matching methods on the Middlebury dataset in terms of EPE. The best results are shown in bold type.
Method Adi. Art. Jad. Mot. Mot.E  Pia. PialL  Pip.P  Playr. Playt  Playt.P  Rec. She. Ted. Vin. Avg.
TCSCSM [47] 2.33 3.06 11.9 2.68 2.35 3.56 6.49 5.34 3.20 19.5 2.35 1.91 9.29 1.42 7.90 4.81
UnDAF-GANet [30] 0.55 2.97 4.98 1.65 1.57 2.23 3.01 2.15 2.02 1.90 1.71 1.23 2.89 0.93 1.63 2.06
DualNet [8] 1.26 3.06 29.6 2.09 2.19 2.45 6.28 3.66 3.12 1.69 1.40 1.19 5.61 1.07 7.03 4.79
UnViTAStereo [25] 1.23 3.41 56.4 2.75 2.57 1.53 3.55 4.99 2.46 2.81 1.41 1.40 4.34 1.02 16.6 7.32

Self-DispArbiter 0.70 1.36 5.40 1.54 1.30 1.14 3.73 1.85 1.83 3.58 0.86 0.84 2.55 0.72 4.28 1.90
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Fig. 6. Comparisons of Self-DispArbiter with SoTA self-supervised methods on the (a) Middlebury and (b) KITTI stereo benchmarks.

Table 6
Comparisons with SoTA self-supervised stereo matching methods on the KITTI stereo benchmarks.
KITTI Stereo 2012 KITTI Stereo 2015
Network K X K K Runtime
All Pixels Noc Pixels All Pixels Noc Pixels

EPE Out-3 EPE Out-3 D1-bg D1-all D1-bg D1-all

Flow2Stereo [48] 1.1 5.11 1.0 4.58 5.01 6.61 4.77 6.29 0.05
PASMnet_192 [26] - - - - 5.41 7.23 5.02 6.69 0.50
OASM-DDS [49] 1.2 5.69 1.1 4.81 4.46 6.51 - 6.02 -

Tong et al. [50] - - - - 6.55 8.11 5.86 7.32 0.17
Permutation-Stereo [51] 1.8 8.48 1.6 7.39 5.53 7.18 5.18 6.72 30.0
CRD-Fusion [10] 1.1 5.40 0.9 4.38 4.59 6.11 4.30 5.69 0.02
UHP [52] 1.3 7.09 1.2 6.05 5.00 6.45 4.65 5.93 0.02
SPSMnet [53] - - - - 5.42 6.65 4.94 6.10 0.80
DualNet [8] 0.6 2.59 0.6 2.06 2.46 2.92 2.28 2.67 0.17
UnViTAStereo [25] 0.9 4.16 0.8 3.46 3.58 5.03 3.28 4.61 0.22

Self-DispArbiter (Ours) 0.7 2.94 0.6 2.39 2.77 3.80 2.54 3.45 0.22

weaker version, Monster [45]. As shown in Table 3, we first mine pseudo Table 7

disparity labels from the low-quality disparities generated by Monster Comparisons among disparity confidence estimation meth-
and then substitute these labels into the high-quality disparity map gen- ods.

erated by Monster + +. The output enhanced disparity maps DE outper- Dataset

form those from Monster + + on both the Middlebury and KITTI Stereo Method Middlebury KITTL
benchmarks, yielding accuracy improvements of 0.3% to 1.2% on Mid-

dlebury and 0.6% to 2.0% on KITTI Stereo 2012. These results demon- AUC _ Runtime(s) AUC  Runtime (s)
strate the potential of DispArbiter to generate pseudo disparity labels OTB [16] 1.28  2.07 071 112

for unlabeled stereo images. The slight performance drop on the KITTI DPS [24] 0.97  7.14 0.50  4.71

2015 D1-fg metric likely stems from incorrect relative depth estimates, gggl [(ii]rs) g':g g'zf g'ig g'iz

as visualized in Fig. 5. Specifically, inaccurate relative depth estimates Optimal 030 = ool =

in mesh regions mislead the DDCN, triggering a cascade of flawed con-
fidence evaluations that inevitably result in the retention of erroneous
teacher disparities as pseudo labels. Remarkably, DispArbiter ranks 1st

probability distribution of teacher disparities and the erroneous relative
on the KITTI Stereo benchmarks.

depth estimates discussed in Section 4.4.1. In general, the remarkable

disparity accuracy achieved by Self-DispArbiter highlights the potential

4.4.2. Self-DispArbiter importance of improved pseudo-label generation methods, particularly
Quantitative and qualitative experimental comparisons between in the field of self-supervised stereo matching.

Self-DispArbiter and other self-supervised methods are presented in

Tables 5, 6, and Fig. 6, respectively. On the Middlebury benchmark, 4.4.3. Disparity confidence estimation

Self-DispArbiter achieves the highest accuracy, reducing the EPE by We compare our proposed DDCN against recent SoTA disparity con-
16% to 80% compared with existing methods. On the KITTI bench- fidence estimation methods compatible with black-box stereo match-
mark, our method surpasses all other self-supervised approaches except ing. The input disparity maps are generated using our Self-DispArbiter.

DualNet, trailing by 0% to 14% on KITTI 2012 and 11% to 23% on Quantitative and qualitative results are presented in Table 7 and Fig. 7,
KITTI 2015. We attribute the accuracy inconsistency between the Mid- respectively. It can be observed that DDCN reduces the AUC by 29.7%
dlebury and KITTI benchmarks to DualNet’s additional modeling of the to 31.0% compared to OTB [16], 2.0% to 11.3% compared to DPS [24],
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Fig. 8. Quantitative results of the self-supervised learning process of Self-DispArbiter.

and 5.8% to 6.3% compared to our previous work DDCV [25]. It is
noteworthy that DPS [24] replaces the intermediate stereo matching
data with a disparity volume, which is generated by performing a plane
sweep on the right image based on shifted disparity prediction results,
followed by multiple stereo matching operations (four additional dispar-
ity inferences in our experiments, following the default configuration in

the official code). These multiple stereo matching inference passes make
DPS highly inefficient and less practical.

However, qualitative results in Fig. 7 expose the limitations of DDCN
in large regions with extensive disparity errors, where local disparity
patterns lack indicative disparity correspondences that are consistent
with the 3D geometric priors provided by the relative depth map. Addi-
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tionally, DDCN predicts lower confidence in regions with considerable
depth discontinuities. We attribute this to the scale inconsistency be-
tween the disparity map and the relative depth map.

4.5. Discussion

We conduct a detailed analysis of the intermediate results in the
self-supervised training process of Self-DispArbiter, with quantitative
results and visual illustrations provided in Figs. 8 and 9, respectively.
Results obtained by applying the Winner-Take-All (WTA) strategy to
MCCNN cost volumes are also included to demonstrate the effec-
tiveness of D3Stereo. As shown in Fig. 8(a), applying MCCNN with
WTA yields noisy disparities with low accuracy, whereas the stereo
matching accuracy of Self-DispArbiter progressively improves and ul-
timately converges during training. Fig. 8(b) evaluates performance on
the valid pixels of teacher disparities generated by D3Stereo. Notably,
D3Stereo produces teacher disparities with even higher accuracy than
Self-DispArbiter across more than half of all pixels. Furthermore, the ac-
curacy of MCCNN with WTA also improves significantly at these valid
pixels, demonstrating the capability of D3Stereo to identify low-noise re-
gions from cost volumes. As self-supervised training progresses, the stu-
dent network improves in accuracy, which in turn provides the teacher
with a larger number of more precise initial decisive disparities. Con-
sequently, both the quantity and the accuracy of the output teacher
disparities increase, as reflected in Fig. 8(b) by the rising number of
valid pixels and the decreasing EPE of the teacher disparities. Fig. 8(c)
presents statistics evaluated at the pseudo-label locations, where the dis-
parity error of Self-DispArbiter is approximately 30% higher than that
of MCCNN with WTA. This observation further validates the student de-
ficiency awareness of DispArbiter. As the student network continues to
improve over the course of self-supervised training, DispArbiter grad-
ually becomes less able to identify additional pseudo disparity labels
that provide useful supervision for the student. This corresponds to the
declining trend of pseudo-label counts observed in Fig. 8(c).

Moreover, Fig. 8(c) also reveals that despite the accuracy conver-
gence of Self-DispArbiter, a substantial gap remains between the accu-
racy of the pseudo labels and that of the student disparities. This indi-
cates that existing training strategies or student network architectures
fail to fully exploit the potential of pseudo labels generated by DispAr-
biter. We attribute this to knowledge forgetting in the student network in
regions lacking pseudo labels. In general, we argue that the critical bot-
tleneck of self-supervised methods lies in effectively assimilating sparse
yet accurate pseudo labels while preventing representation collapse in
unlabeled regions.

5. Conclusion

In this work, we propose DispArbiter, a novel framework designed
to mine pseudo disparity labels from teacher disparities with student

deficiency awareness, alongside a sparsified D3Stereo method to gener-
ate sparse yet highly accurate teacher disparities. By resolving disparity
conflicts among SoTA stereo matching methods, DispArbiter mines ac-
curate pseudo disparities from low-quality teacher disparities to further
improve student predictions that are already more accurate than those
of the teacher. The collaboration between DispArbiter and D3Stereo
achieves SoTA accuracy in self-supervised stereo matching. This re-
search underscores the critical importance of (1) more accurate dis-
parity confidence estimation methods compatible with black-box stereo
matching and (2) approaches designed for performing sparse yet reliable
stereo matching. Furthermore, integrating future advancements in rel-
ative depth and disparity confidence estimation would further enhance
the performance of DispArbiter. In future work, we aim to establish
a multi-expert discriminative system based on DispArbiter to generate
pseudo ground-truth disparities for unlabeled stereo images.
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